Abstract: This research offers a new framework for assessing social vulnerability to climate change.
Introduction
Climate change is likely to bring higher temperatures, a rising sea level, melting glaciers, more intense rainstorms, flooding, droughts, and heat waves [1] [2] [3] [4] [5] , which all pose threats to urban infrastructures and more specific needs for urban planning and emergency management [1, 6] . For responding to the unavoidable adverse impacts of climate change, cities should pursue adaptation methods to create a more resilient world where future shocks and stresses can be absorbed to maintain essentially the same functions, structures, systems, and identity [7] . In light of this, vulnerability has become one of the central elements of sustainability research [8] . Understanding, measuring, and reducing vulnerability has been an important task in the transition to a more sustainable world [9] . China is vulnerable to the adverse impacts of climate change, even though it is one of the main emitters of greenhouse gases. In recent years, China has experienced an increasing frequency and intensity of to bridge the gap between biophysical vulnerability and social vulnerability [45] . Though it also provides a spatial perspective to help understand the dynamic nature of vulnerability, the concept of spatial scale is commonly implicit and is not formally incorporated into the model. The Vulnerability Framework for Sustainability Science (VFSS) model bridges the risk hazards, the political economy, and the political ecology traditions as different ways of conceptualizing vulnerability [8] . In this model, vulnerability emerges in a specific place, but is affected by human and environmental systems at regional and global levels [46] . For linking vulnerability analysis to sustainability science, the idea of "resilience" is explicitly embedded within this model. Under these frameworks, a variety of methods have been developed to measure social vulnerability, such as the integrated assessment model [47] and household surveys [48] [49] [50] . In the 1990s, a new methodology was explored to estimate the social vulnerability index as a composition of related indicators [51] . Currently, this methodology has become prominent in social vulnerability research [52] , and various approaches have been applied in indicator aggregation. The equal weighing (EW) approach, which gives all variables the same weight, is applied to aggregate indicators [53] . The statistical model of principal components analysis (PCA), which groups all variables according to their degree of correlation, was first used by Cutter in social vulnerability assessments and has become one of the classic models for evaluating social vulnerability in the fields of natural hazards and climate change [54] [55] [56] [57] [58] [59] [60] [61] . Analytical hierarchy process (AHP), as a multi-criteria decision-making approach, is another method suitable for assessing social vulnerability to climate change [62] [63] [64] [65] [66] . With the data envelopment analysis method (DEA), Huang et al. explored multidimensional flood vulnerability [67] . Ge applied the projection pursuit cluster (PPC) method to quantify the social vulnerability of the Yangtze River Delta in China [13, 52] .
Research in China
In China, research on vulnerability to climate change began to emerge in the 1990s, and most of it studied the potential impact of climate change on agriculture, forest, water resources, and other natural ecosystems [68] . For example, Cai (1996) analyzed the vulnerability of agricultural systems to climate change [69] . Li (1996) introduced the concept of vulnerability to climate change and evaluated the distribution of forest vulnerability in China [70] . Lin (1994) identified six sensitive agricultural areas as well as five regions with high vulnerability to climate warming based on agriculture in China [71] . Since 2000, most studies on vulnerability to climate change have expanded to social fields. Themes such as livelihood, poverty, and agriculture were conducted in the less developed areas of North and Northwest China. Tan and Wang (2012) examined the vulnerability of rural livelihoods to climate change in the Yutian County of the Xinjiang Uyghur Autonomous Region [72] . Based on a social survey, Hu (2012) compared vulnerability and adaptability among rural households in the context of climate change in the Ningxia Hui Autonomous Region [50] . Tan et al. (2016) analyzed social vulnerability of herders to climate change in Inner Mongolia [73] . Zhang et al. (2016) analyzed the impacts of climate change on farmers' livelihood vulnerability in Gannan Plateau with the multivariable linear regression model [49] . The eastern coastal area in China is a hotspot for studying the vulnerability of water resources and climate-related hazards. Yu and Pan (2012) analyzed the characteristics of vulnerability to climate change and related hazards, with a case study in Zhejiang Province [74] . Qiu et al. (2014) evaluated the vulnerability of estuarine and coastal areas in Shanghai under sea level rise and storm surge disaster scenarios [75] . Xia et al. (2015) measured the vulnerability of water resources in the eastern monsoon region of China [19] . In a word, the research conducted in China either focuses on the vulnerability of rural livelihoods or emphasizes biophysical vulnerability. Few of these studies have discussed the differences between urban and rural regions in terms of SVI, or explored the relationship between social vulnerability and urbanization.
This paper begins with a literature review in social vulnerability to climate change in section one. Section two proposes a modified social vulnerability framework based on the hazards of place (HOP) model in order to capture rural and urban differences. Then, a method of aggregating indicators with Sustainability 2017, 9, 1394 4 of 19 the projection pursuit cluster (PPC) model is used to evaluate the social vulnerability of coastline cities in China. Section three presents the study results, and section four gives conclusions and recommendations for social vulnerability reduction during urban development.
Materials and Methods
According to academic literature on vulnerability to climate change at multiple spatial scales [76] [77] [78] [79] , we developed a new conceptual framework for the social vulnerability assessment of coastal cities based on the hazards of place (HOP) model [45] (Figure 1 ). The concept of spatial scale is formally incorporated into the model and the idea of "adaptability" is substituted for "resilience" in order to link vulnerability analysis to climate change. In detail, climate change takes place on multiple scales: international, regional, national, and sub-national (e.g., city, county, or town), and climate threats transfer across these scales. Meanwhile, all adaptation and mitigation responses to climate change also function and interact on many scales. During transfers and interactions between these areas, all environmental, economic, and social factors influencing the vulnerability of a location on different scales will change and exhibit themselves in three dimensions: exposure, sensitivity, and adaptability. The process is complex and dynamic. After such transfers and interactions, vulnerability of different locations on different scales will be converted into damage, such as through injuries and economic losses. Damage, in turn, can affect the attributes of a place and moderate or enhance vulnerability to climate change. In this conceptual framework, vulnerability of place includes social vulnerability and biophysical vulnerability. In our study, we only discuss social vulnerability.
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According to academic literature on vulnerability to climate change at multiple spatial scales [76] [77] [78] [79] , we developed a new conceptual framework for the social vulnerability assessment of coastal cities based on the hazards of place (HOP) model [45] (Figure 1 ). The concept of spatial scale is formally incorporated into the model and the idea of "adaptability" is substituted for "resilience" in order to link vulnerability analysis to climate change. In detail, climate change takes place on multiple scales: international, regional, national, and sub-national (e.g., city, county, or town), and climate threats transfer across these scales. Meanwhile, all adaptation and mitigation responses to climate change also function and interact on many scales. During transfers and interactions between these areas, all environmental, economic, and social factors influencing the vulnerability of a location on different scales will change and exhibit themselves in three dimensions: exposure, sensitivity, and adaptability. The process is complex and dynamic. After such transfers and interactions, vulnerability of different locations on different scales will be converted into damage, such as through injuries and economic losses. Damage, in turn, can affect the attributes of a place and moderate or enhance vulnerability to climate change. In this conceptual framework, vulnerability of place includes social vulnerability and biophysical vulnerability. In our study, we only discuss social vulnerability. Under this framework, social vulnerability is regarded as a pre-existing ability of regions that spans multiple scales (e.g., county, city, or country) to withstand adverse impacts from the climate change to which they are exposed. Those socioeconomic and demographic features related to social vulnerability can be classified into three core categories: exposure, sensitivity, and adaptability. Exposure describes "the nature and degree to which a system is exposed to significant climatic variations" and it originates from a biophysical or social system [39] . In our study, we adopt the point of view that the term exposure goes beyond spatial exposure; it also involves social and institutional features which will increase the defenselessness of humans or assets and result in greater damage [9] . Under this framework, social vulnerability is regarded as a pre-existing ability of regions that spans multiple scales (e.g., county, city, or country) to withstand adverse impacts from the climate change to which they are exposed. Those socioeconomic and demographic features related to social vulnerability can be classified into three core categories: exposure, sensitivity, and adaptability. Exposure describes "the nature and degree to which a system is exposed to significant climatic variations" and it originates from a biophysical or social system [39] . In our study, we adopt the point of view that the term exposure goes beyond spatial exposure; it also involves social and institutional features which will increase the defenselessness of humans or assets and result in greater damage [9] . To avoid confusion with the exposure of biophysical vulnerability, this exposure can be called "latent exposure". Sensitivity reflects the degree to which a system is affected by climate-related threats [6] .
It is characterized by pre-existing inequalities within a region. Our work focuses on the inequalities in health, economy, and other social features between different groups that will increase their inequalities of access to useful resources and necessary services that help withstand climate hazards. Adaptability is defined as the system's ability to respond, adjust, and cope with the adverse consequences of climate change in terms of behavior, resources, and technology [6, 80] . In this paper, we only focus on regional socioeconomic status and medical services.
Selection of Indicators
Following our conceptual framework, major indicators shaping social vulnerability to climate change were identified in three dimensions: exposure (Noted as "latent exposure" above, but we abbreviate "latent exposure" to "exposure" in the following section), sensitivity, and adaptability.
In terms of exposure in our work, three kinds of factors associated with latent exposure were considered: population, economy, and housing. Regions experiencing rapid growth often lack available environmental resources and social services networks [52] . High population density also complicates evacuation and sheltering management [81] . In addition, employees in primary industries are similar to rural residents; they are more exposed to climate hazards and are expected to be affected severely due to lower incomes and greater dependence on locally based resource extraction economies (e.g., farming, fishing) [45] . Therefore, the indicators of "Population density", "Rate of natural increase", and "Employees in primary industry" were selected for "population exposure".
High economic density and a high proportion of primary industry mean more potential losses or longer-term recovery after experiencing a climate-related event [45] . Hence, the indicators of "GDP in primary sector", and "GDP density" were included in "economic exposure". People living in poor housing conditions, for example, lacking sufficient living space or access to safe drinking water and sanitation, are more vulnerable to climate variability and change [82] . Thus, the indicators of "Houses with no bath facilities", "Houses with no lavatory", "Houses with no tap water", and "Houses with no kitchen" were selected for the last factor, "house exposure". All indicators related to exposure are shown in Table 1 .
In terms of sensitivity, children and the elderly are the most vulnerable groups in a society. Children are more susceptible to climate change for their physiologic immaturity and developmental changes, while the elderly are more susceptible to disease and disability, which increases the burden on family members [45, 83, 84] . So, families with many dependents or single parent households often have limited finances and resources, which also reduces evacuation ability and adaptability to climate change and related hazards [45, 83] . As caregivers, women may have a more difficult time and face more challenges during recovery due to their responsibilities and pressures [44, 45] . Low-income individuals, such as the illiterate, unemployed, and renters, are more likely to be exposed to hazardous environmental changes and take fewer actions to protect themselves against climate change [85] . Moreover, compared to local residents, newcomers and ethnic minorities are more vulnerable to climate change given their limited ability to find or understand warning information, which is due to language and cultural barriers [45, 83] . All indicators relating to sensitivity are listed in Table 1 .
For adaptability, the indicators of "Higher education graduate" and "Educated year" were selected, because people with higher education usually have better employment prospects, better economic conditions, and more resources to take precaution against climate hazards [45, 81, 84] . Individual economic status implies having available resources to absorb, reduce, and recover from losses [84, 86] . Herein, the indicator of "GDP per capita" was chosen as a substitute for "Per capita income". Adequate healthcare infrastructures and management services can also help improve regional resilience and alleviate direct losses [86] . Hence, the indicators of "Beds in hospital per 1000 people", "Physicians in hospital per 1000 people", and "Employees in management sector" were selected.
The 28 indicators for all 407 coastal counties were collected from the 2010 China Civil Affairs Statistical Yearbook, the 2010 statistical yearbooks of each city published by the cities' Statistical Bureaus, and the sixth national population census in 2010. Table 1 lists the datasets in detail. With these indicators, a composite score of social vulnerability can be evaluated. Because of a high correlation with other indicators, the indicators such as "Household size", "Immigration from other provinces", "Educated year", and "Urban residents" were removed after correlation analysis. Ultimately, 24 indicators were selected for evaluating SVI in relation to climate change. Then the selected indicators were aggregated to construct an SVI for each county after they were properly normalized. Note: "+" indicates the indicator tends to increase social vulnerability; "−" indicates the indicator tends to decrease social vulnerability, "" means the indicator was selected for this study, and "×" means the indicator was excluded from the SVI calculation.
Case Study: The Coastal Region in China
With a geographical extent from 108 • 20 59 E to 124 • 20 56 E, and from 18 • 15 16 N to 39 • 59 56 N, mainland China has a coastline of over 18,000 km from the Liaodong Bay in the north to the Gulf of Tonkin in the south [87] (Figure 2 Haikou and Sanya. There are also two provincial-level municipalities: Tianjin and Shanghai. These 54 cities govern 407 county-level divisions containing counties, county-level cities, and city districts (Note that counties, county-level cities, and city districts are all in the third level of the Chinese administrative hierarchy. Counties and county-level cities govern towns and rural townships; city districts are the condensed central part of cities, both highly urbanized and populous). The coastal region covers only about 4.0% of China's land area, but contributes up to 35% of the national GDP and accounts for 18% of the total population [87] . Sanya. There are also two provincial-level municipalities: Tianjin and Shanghai. These 54 cities govern 407 county-level divisions containing counties, county-level cities, and city districts (Note that counties, county-level cities, and city districts are all in the third level of the Chinese administrative hierarchy. Counties and county-level cities govern towns and rural townships; city districts are the condensed central part of cities, both highly urbanized and populous). The coastal region covers only about 4.0% of China's land area, but contributes up to 35% of the national GDP and accounts for 18% of the total population [87] . 
Research Method: the Projetion Pursuit Cluster (PPC) Model
The model of projection pursuit cluster (PPC) was used in this paper to weight indicators. Projection pursuit (PP) is a data reduction technique used to seek out a linear projection of multivariate data onto a lower dimensional space by means of optimizing the projection index [88] . According to the principle of projection pursuit, the projection pursuit cluster (PPC) model was developed by Friedman and Stuetzle as a new model for high-dimensional data exploratory analysis. Now, the PPC model is widely used in multifactor cluster and evaluation analysis [89] . The detailed procedure is as follows:
Step 1: Use the min-max rescaling transformation method to normalize the values of proxy indicators.
Step 2: Develop the index function Q(a) The dataset of {x(i, j)|i = 1, 2, ..., n; j = 1, 2, ..., p} (n = 407, p = 24) is converted into a one-dimensional projection value z(i):
where a(j) is a p-dimensional unit vector corresponding to the projection direction taken as the weight of the indicator. The projection value dataset varies with the projection direction a(j). Thus, the index function Q(a) can be calculated as follows: Figure 2 . Location of the study area (the coastal region) in mainland China.
where a(j) is a p-dimensional unit vector corresponding to the projection direction taken as the weight of the indicator. The projection value dataset varies with the projection direction a(j). Thus, the index function Q(a) can be calculated as follows:
where E(z) is the mean of z(i); and R is the local density radius of the window. In this study,
; r(i, j) is the distance between the samples: r(i, j) = |z(i) − z(j)|; u(t) is the unit step function: u(t) = 1, if r(i, j) < R or u(t) = 0, if r(i, j) ≥ R.
Step 3: Optimize the projection by maximizing the index function Q(a) based on the program for real-coded genetic algorithm implemented in PYTHON. This result represents the best suitable weights of social vulnerability indicators.
Step 4: Calculate the social vulnerability index. According to Equation (1), the aggregated value (Z * (i)), taken as the social vulnerability index, can be evaluated.
Step 5: Calculate the exposure, sensitivity, and adaptability indexes, according to Equation (1) and Table 1 :
. . , n. p = 10, 11, 13, 14, . . . , 20 (4)
Step 6: Map all of the indexes (EI, SI, AI, and SVI) in QGIS, and classify them into five classes of "High", "High-medium", "Medium", "Medium-low", and "Low" with the "Natural Breaks (Jenks)" method [90] . Table 2 shows the results in terms of the weight of each indicator. First of all, the indicator of "House with no lavatory" contributes the most to SVI, for its weight reaches a maximum at 0.377. The indicator "Immigration from other cities" contributes the least to SVI with a value of 0.035. Hence, in the context of climate change, "immigration from other cities", within the same province, is not a key influencing factor.
Results

Weighting Values of Indicators
Amongst all the indicators, the top 10 indicators are "House with no lavatory", "House with no bath facilities", "Employees in primary industry", "Houses with no tap water", "GDP in primary sector", "Children", "House with no kitchen", "Rate of natural increase (RNI)", "Employees in management sector", and "Highly educated". They make up 67.54% of the SVI, so they are important factors affecting social vulnerability. Amongst these, four indicators relate to housing conditions, indicating that coastal city governments should develop more infrastructure and services to support adequate housing, water, and sanitation. These services will efficiently reduce residents' exposure to the unhealthy impacts of climate change. Two indicators concerning primary industry are also ranked in the top ten. As industry is strongly impacted by climate change, the structure and resiliency of primary industry needs to be improved.
In addition, there are seven indicators in the exposure dimension in the top 10, while eight indicators in the sensitivity dimension are listed in the bottom 10. This suggests that exposure Sustainability 2017, 9, 1394 9 of 19 strongly affects overall social vulnerability in the coastal areas, while sensitivity has little effect on social vulnerability. Immigration from other cities 0.03507 S Note: "E" represents the SVI dimension of "Exposure", "S" represents the SVI dimension of "Sensitivity" and "A" represents the SVI dimension of "Adaptability".
Spatial Pattern of Social Vulnerability
The spatial patterns of EI (exposure index), SI (sensitivity index), and SVI are roughly similar ( Figure 3 ). For example, counties around Liaodong Bay and the Gulf of Tonkin exhibit the highest level of exposure, sensitivity, and social vulnerability. Counties in Shandong Peninsula demonstrated relatively high exposure, sensitivity, and social vulnerability. Counties in the eastern and southeastern regions are characterized by medium exposure, sensitivity, and social vulnerability. The spatial pattern of AI (adaptability index) is different from others: most counties tend to be less adaptable except in the Yangtze River Delta (YRD) and Pearl River Delta regions. Referring to Table 2 , the relevant indicators of the adaptability index are: "Employees in management sector", "Highly educated", "Physicians in hospital", "Beds in hospital", and "GDP per capita". Hence, more work should be done on the aspects of management, education, medical services, and local economy in these less adaptable coastal areas.
The ratios of counties in each level of SVI, EI, SI, and AI were calculated and are shown in Table 3 . It was found that most counties belong to the categories of "medium" or "medium-low" for SVI, which indicates that the general social vulnerability to climate change in the study area is not very serious. The distribution of EI is similar to that of SVI: many counties are categorized at the medium level while a few counties belong to the high or low categories, just like the Gaussian distribution in shape. However, the distribution of SI is different: it resembles the Gaussian distribution but has heavier tails. The distribution of adaptability proves again that it should be paid more attention, because 30.14% of its counties belong to the lowest level. Limited by available data, only two cities in Hainan Province were included in this paper). To identify statistically significant spatial clusters of high and low values of SVI, the Getis-Ord Gi* statistic of each area was calculated and mapped as shown in Figure 4 . "The Getis-Ord Gi* statistic" is an emerging hotspot analysis tool that works by looking at each feature within the context of neighboring features. The Gi* statistic for each feature is a Z score. A high Z scores means the SVI of the area is high and its neighbors also hold high values of SVI, indicating a cluster of high values, considered to be hot spots. Accordingly, a low Z score means the SVI of the area is low and its neighbors also hold low values of SVI, indicating a cluster of low values, or cold spots. To identify statistically significant spatial clusters of high and low values of SVI, the Getis-Ord Gi* statistic of each area was calculated and mapped as shown in Figure 4 . "The Getis-Ord Gi* statistic" is an emerging hotspot analysis tool that works by looking at each feature within the context of neighboring features. The Gi* statistic for each feature is a Z score. A high Z scores means the SVI of the area is high and its neighbors also hold high values of SVI, indicating a cluster of high values, considered to be hot spots. Accordingly, a low Z score means the SVI of the area is low and its neighbors also hold low values of SVI, indicating a cluster of low values, or cold spots. Two cold spots and two hot spots were identified, ignoring several small ones. Hot spot one lies in Liaodong Bay which includes two cities: Huludao and Qinghuangdao. Hot spot two is along the Gulf of Tonkin and contains the cities of Fangchenggang, Qingzhou, Beihai, Zhanjiang, Maoming, and Yangjiang. Hot spots one and two are extremely vulnerable to climate change, characterized by high EI and high SI but low AI, which means their development will be high risk under the stress of climate change in the future. More adjustments should be developed and implemented in order to reduce their exposure and sensitivity, accompanied by improving their adaptability. Cold spot one lies in the YRD region, including the cities of Nantong, Suzhou, Shanghai, Jiaxing, and Hangzhou. Cold spot two lies in the Pearl River Delta region and includes the cities of Dongguan, Guangzhou, Huizhou, Shenzhen, Zhongshan, and Zhuhai. Both cold spots one and two are characterized by low SVI consisting of low EI, low SI, and medium-high AI. As is known, cold spots one and two are among the most developed and wealthiest regions in China in terms of economy, technology, and culture. They will face the lowest risk to climate variability given their resilient development.
Urban Development and Social Vulnerability
According to our conceptual framework (Figure 1) , climate change takes place on many scales, and climate threats transfer across these scales. Meanwhile, all adaptation and mitigation responses also function and interact on multiple scales. Hence, with the county level results, the profile of SVI at the city level can be determined and the relationship between urban development and SVI to Two cold spots and two hot spots were identified, ignoring several small ones. Hot spot one lies in Liaodong Bay which includes two cities: Huludao and Qinghuangdao. Hot spot two is along the Gulf of Tonkin and contains the cities of Fangchenggang, Qingzhou, Beihai, Zhanjiang, Maoming, and Yangjiang. Hot spots one and two are extremely vulnerable to climate change, characterized by high EI and high SI but low AI, which means their development will be high risk under the stress of climate change in the future. More adjustments should be developed and implemented in order to reduce their exposure and sensitivity, accompanied by improving their adaptability. Cold spot one lies in the YRD region, including the cities of Nantong, Suzhou, Shanghai, Jiaxing, and Hangzhou. Cold spot two lies in the Pearl River Delta region and includes the cities of Dongguan, Guangzhou, Huizhou, Shenzhen, Zhongshan, and Zhuhai. Both cold spots one and two are characterized by low SVI consisting of low EI, low SI, and medium-high AI. As is known, cold spots one and two are among the most developed and wealthiest regions in China in terms of economy, technology, and culture. They will face the lowest risk to climate variability given their resilient development.
According to our conceptual framework (Figure 1) , climate change takes place on many scales, and climate threats transfer across these scales. Meanwhile, all adaptation and mitigation responses also function and interact on multiple scales. Hence, with the county level results, the profile of SVI at the city level can be determined and the relationship between urban development and SVI to climate change can be explored. In this study, all the county level samples are grouped into two types: city districts and counties. The former represents urban areas and the latter represents rural areas.
With the variable of "percentage of non-agriculture population" used to represent the rate of urbanization, differences and changes of each index between city districts and counties during urbanization are shown in Table 4 and Figure 5 . climate change can be explored. In this study, all the county level samples are grouped into two types: city districts and counties. The former represents urban areas and the latter represents rural areas. With the variable of "percentage of non-agriculture population" used to represent the rate of urbanization, differences and changes of each index between city districts and counties during urbanization are shown in Table 4 and Figure 5 . When the rate of urbanization is less than 40%, social vulnerability decreases with increasing adaptability, but exposure and sensitivity decrease in either city districts or counties. From the rate of 40% to 50%, EI and SI increase with decreasing AI, which leads to SVI increasing. Beyond a rate of 50%, evident differences were observed between districts and counties. In the districts, SI and SVI keep their decreasing trend but EI and AI increase slightly. As for the counties, EI decreases and AI increases slightly, while SI increases significantly. This ultimately made SVI in the counties increase sharply. During the same period of urbanization, SVI in counties was mostly higher than in the districts with higher EI, higher SI, and lower AI. Therefore, some conclusions can be drawn. Firstly, compared to coastal counties, urbanization in the districts is more appropriate for reducing social vulnerability to climate change. Therefore, coastal counties should be the focus of future risk management for city governments. Secondly, for the districts, more adjustment strategies and work should be applied in the dimension of exposure during urbanization. Thirdly, for the counties, the prominent problem is the increase in sensitivity. Considering that the top three indicators of sensitivity are "Young", "Ethnic minorities", and "Elderly", more work on health and social care should be put toward these sensitive groups.
In order to explore the profile of SVI at the city level, the four index values were averaged out separately for each district and county in every city. Then a comparison was made between the counties and districts. Based on the conclusion drawn above that urbanization in the districts is more appropriate for reducing social vulnerability to climate change, the district was taken as a reference in the following analysis (Table 5) . Then, five classes of SVI at the city level were identified in our study area (Table 5 and Figure 6 ). When the rate of urbanization is less than 40%, social vulnerability decreases with increasing adaptability, but exposure and sensitivity decrease in either city districts or counties. From the rate of 40% to 50%, EI and SI increase with decreasing AI, which leads to SVI increasing. Beyond a rate of 50%, evident differences were observed between districts and counties. In the districts, SI and SVI keep their decreasing trend but EI and AI increase slightly. As for the counties, EI decreases and AI increases slightly, while SI increases significantly. This ultimately made SVI in the counties increase sharply. During the same period of urbanization, SVI in counties was mostly higher than in the districts with higher EI, higher SI, and lower AI. Therefore, some conclusions can be drawn. Firstly, compared to coastal counties, urbanization in the districts is more appropriate for reducing social vulnerability to climate change. Therefore, coastal counties should be the focus of future risk management for city governments. Secondly, for the districts, more adjustment strategies and work should be applied in the dimension of exposure during urbanization. Thirdly, for the counties, the prominent problem is the increase in sensitivity. Considering that the top three indicators of sensitivity are "Young", "Ethnic minorities", and "Elderly", more work on health and social care should be put toward these sensitive groups.
In order to explore the profile of SVI at the city level, the four index values were averaged out separately for each district and county in every city. Then a comparison was made between the counties and districts. Based on the conclusion drawn above that urbanization in the districts is more appropriate for reducing social vulnerability to climate change, the district was taken as a reference in the following analysis (Table 5) . Then, five classes of SVI at the city level were identified in our study area (Table 5 and Figure 6 ). Note: "+" shows that the average value of the counties is higher than that of the districts; "−" shows that the average value of the counties is lower than that of the districts. If there is only one index opposite to the optimal profile, the difference is classified as "small". If there are two indexes opposite to the optimal profile, the difference is classified as "medium". If there are three indexes opposite to the optimal profile, the difference is classified as "large-medium". If there are four indexes opposite to the optimal profile, the difference is classified as "large". Sustainability 2017, 9, 1494 14 of 19 Figure 6 . Spatial pattern of SVI differences between city districts and counties to climate change.
Discussion
Overall, five key findings can be drawn from our study. First, the top 10 factors that contribute the most to social vulnerability were discovered, which provided a benchmark reference for decisionmakers to reduce social vulnerability: (1) developing basic infrastructures and services to support adequate housing, water, and sanitation will increase the adaptability of vulnerable residents and help them withstand the adverse impacts; (2) because primary industry is at high-risk due to climate change, it needs to have a more reasonable structure and be more resilient; (3) developing education Thirty-nine cities belong to Class 1. Compared to the districts, the SVI of the counties in these cities is higher, which consists of higher exposure, higher sensitivity, and lower adaptability. Therefore, there are four indexes opposite to the optimal profile, and the difference in social vulnerability between districts and counties is the largest of the study area. Counties in Class 1 are at the highest risk and should be given significant attention by city managers. We should allocate more resources and services to the cities belonging to Class 1 compared to other cities. This puts even more pressure on managers to seek optimal strategies for balancing city districts and counties for achieving win-win development. Class 2 and Class 3 are similar to Class 1; there are three indexes opposite to the optimal profile. Therefore, the differences between city districts and counties in Class 2 and Class 3 are smaller than those in Class 1, and both classes are considered "large-medium". In Class 4, the SVI of the counties is lower than the districts, which consists of lower sensitivity, higher exposure, and lower adaptability. Hence, there are two indexes opposite to the optimal profile. Class 4 belongs to the classification of "medium". Only one city, Suzhou, falls into Class 5. The SVI of the counties is lower than the districts with lower exposure, lower sensitivity, but lower adaptability. The difference between districts and counties in this class is the least with only one index opposite to the optimal profile, and they are considered "small". Class 5 presents a reasonable growth route to reduce social vulnerability and pursue sustainable development in the context of climate change.
Overall, five key findings can be drawn from our study. First, the top 10 factors that contribute the most to social vulnerability were discovered, which provided a benchmark reference for decision-makers to reduce social vulnerability: (1) developing basic infrastructures and services to support adequate housing, water, and sanitation will increase the adaptability of vulnerable residents and help them withstand the adverse impacts; (2) because primary industry is at high-risk due to climate change, it needs to have a more reasonable structure and be more resilient; (3) developing education and providing enough services for children also helps people to deal with the challenges of and living with climate change and risks; (4) for the coastal areas, the adverse impact from "exposure" is higher than that from "sensitivity".
Second, the four indexes of SVI, EI, SI, and AI were calculated and mapped with QGIS 2.14.10. Their spatial distribution suggested: (1) most counties are considered "medium" or "medium-low" in terms of SVI, EI, SI, and AI, which indicates that the social vulnerability to climate change in this study area is not yet very serious; and (2) the spatial pattern of adaptability was different from others: most counties tend to be less adaptable, except in the Yangtze River Delta (YRD) and Pearl River Delta regions. This proves we should pay more attention to adaptability in coastal areas.
Third, two hot spots and two cold spots were detected using the Gi* statistic. Hot spot one lay in Liaodong Bay and hot spot two was along the Gulf of Tonkin. Both of them were extremely vulnerable to climate change characterized by high EI and SI, and a low AI. Cold spot one was in the YRD region and cold spot two lay in the Pearl River Delta region. They were characterized by low SVI with low EI, low SI, and medium-high AI. Fourth, at the county level, evident differences of each index between the city districts and counties during urbanization indicates: (1) urbanization can help the coastal city districts reduce social vulnerability to climate change, while it will add more social vulnerability to the coastal counties. Therefore, planning resilient counties is more important than developing modern counties in China.
(2) For districts, more adjustment strategies and further work should be done in the area of exposure during urbanization; and (3) for counties, more health and social care funding should be put toward these sensitive groups because their prominent problem is an increase in sensitivity. Lastly, at the city level, five types of social vulnerability were explored and the differences between urban and rural areas were discussed. Among these, the differences between urban and rural in 39 cities were large except for in Suzhou. When threatened by climate change, the counties in these 39 cities will require more resources from the city districts and add risk to the city districts. Hence, how to balance the development between county and city districts is becoming an important issue with rapid Chinese urbanization. Suzhou may present a reasonable growth example for the reduction of social vulnerability and of sustainable development in the context of climate change.
Our study also has limitations. Until now, there was still a lack of a consistent set of metrics to measure social vulnerability to climate change. In China, data availability is usually the most crucial factor affecting indicator selection, especially at the county or town level. In order to obtain more indicators at the county level, we used data from 2010, which is the latest information we could obtain. Also, because of the data limitation, some indicators that would have been selected due to their ability to measure social vulnerability were not included in our study. For example, the indicator of "density of industrial commercial and industrial buildings" was not included, so the indicator of "GDP density" was used as a substitute. The "employment rate" indicator is also missing; the "higher education graduate" indicator was used as an indirect substitute for employment, making the assumption that higher education may imply better employment. Finally, 28 indicators were selected, including four that were not included due to being highly correlated. This number of indicators is sufficient to apply the PPC model and can provide enough information to evaluate social vulnerability of the coastal areas in China. In addition, using losses of extreme events as a validation of social vulnerability is a commonly suggested approach. However, this approach assumes that the damage is evenly distributed throughout the study area and that the more socially vulnerable human societies have more to lose, which is not the case [54] . The impacts of climate change on human society in China have a distinct geographic distribution [86] . Therefore, it is difficult to validate such social vulnerability. Though our results were not validated directly, they can be justified by the similar research conducted by Chen and Su [47, 87] . Moreover, the results correspond to differentiated patterns of socioeconomic status and demographic changes in China.
Conclusions
Understanding and evaluating social vulnerability to climate change has become an imperative need for urban risk management and sustainable development. Though most studies of vulnerability to climate change in China have expanded to social fields, such as livelihood, agriculture, water resources, and so on, few of them explore the interaction between the social vulnerability of a location and urban development. Therefore, this paper established a social vulnerability index (SVI) at the county level with a composite index to climate change focusing on heavily urbanized cities on the Chinese east coast. With this index, we examined the spatial pattern of SVI and targeted the hotspots of SVI at the county level. Then, we explored the profile of social vulnerability at the city level, as well as differences in SVI between urban and rural regions. The results indicate that urbanization can help the coastal city districts reduce social vulnerability to climate change, while adding more social vulnerability to the coastal counties. Therefore, planning resilient counties is more important than developing modern counties in China. Balancing the development between the county and city districts is now becoming an important issue in rapid Chinese urbanization.
Future directions of our research may include exploring social vulnerability at the town level and evaluating the biophysical and social vulnerability of coastal areas to climate change.
